The correlation between body mass and both skeletal and dental measures in living mammals has enabled paleontologists to obtain reliable estimates of body size for extinct species, usually using log-transformed bivariate least-squares regression equations. Multiple regression, however, has rarely been used for estimating the mass of extinct species, although this technique can clearly improve the predictive equations compared with those adjusted by simple regression. However, the use of multiple regression is problematical, because even those functions explaining a high percentage of the variance of the dependent variable (i.e. body mass) can show a rather limited predictive power. After analyzing which factors determine the predictive ability of multiple regression equations, we propose a new set of algorithms that allow the estimation of the body mass of extinct ungulates. These algorithms are finally applied to three Miocene ungulate species, Dinohippus leidyanus, Stenomylus hitchcocki and Aletomeryx scotti.
Introduction
Body mass is correlated with a plethora of physiological variables of animals (e.g. metabolic rates, heat flux and body temperature, metabolic costs of locomotion, growth and reproduction), with ecologically relevant characteristics (e.g. life-history traits, diet, population density, home range size and behavioral adaptations) and with larger-scale patterns in community structure and biogeography (e.g. Peters, 1983; Calder, 1984; Mendoza, 2004 Mendoza, , 2005 Mendoza, Goodwin & Criado, 2004; Mendoza, Janis & Palmqvist, 2005) . As a result, body mass has obvious implications on resource partitioning and ecological displacement among species that share the same dietary specializations, which translates into important ecological and evolutionary consequences. Because of these reasons, in recent years there has been growing interest in the paleobiological implications of body size in extinct mammals (see the chapters in Damuth & MacFadden, 1990; Smith, 2002) .
Obtaining accurate estimates of body size for extinct mammals, however, is a rather difficult task. The mass of extant species is grossly reflected in the size of their bones and teeth. Thus, separate regression analyses of body mass (dependent variable) on the dimensions of different skeletal parts (independent variables) allow the characterization of the relationship between skeletal morphology and body size for living species, and also the estimations of mass for extinct ones (Damuth, 1990) . However, this approach is of limited value for estimating the size of extinct mammals, because the fossil record of most species is composed of only fragmentary remains, which precludes the use of those regression equations with higher levels of resolution and predictive power (e.g. head-body length, which measures the cylinder that encompasses the majority of the mammal's mass). In addition, given that teeth are more diagnostic of species identity than are other skeletal parts, and the prevalence of teeth in the fossil record (as these elements have the greatest fossilization potential because of their high structural density), most studies of ancient mammals are based on tooth measures (e.g. Janis, 1990a,b; Van Valkenburgh, 1990) , although some attempts have been developed for estimating body mass from major limb bones (e.g. Gingerich, 1990; Scott, 1990; Anyonge, 1993; Kappelman et al., 1997; Biknevicius, 1999; Christiansen, 1999; Andersson, 2004) .
Theoretical basis for body mass estimation
Some researchers have used external skeletal measures, such as the length and width of major limb bones (e.g. Alexander et al., 1979; Jungers, 1985 Jungers, , 1990 Christiansen, 2004) , whereas others have focused on structural characteristics of these elements, such as the dimensions of their inner medulthey bear the animal's weight. Proximal bones (e.g. humerus and femur) are more useful for this purpose, because distal limb elements (e.g. radius, ulna, tibia and metapodials) are more related with morphological adaptations related to habitat preferences and mode of locomotion (Damuth & MacFadden, 1990) . Craniodental measures and body mass are also correlated, probably because of the relation between body size and the need to process a certain amount of food (Van Valen, 1960) . But there are important differences among mammals with different diets (e.g. for a given body mass grazing ungulates have a significantly longer posterior skull than other feeding types; Janis, 1990a,b) . However, the preservational bias of the fossil record in favor of teeth has resulted in the extensive use of dental measures in predictions of body mass in extinct mammalian species (e.g. Gingerich, Smith & Rossenberg, 1982; Smith, 1984) .
Some authors have used simple log-transformed bivariate least-squares regression equations, based on single anatomical measurements, to estimate the body mass of fossil species; for example, the occlusal area of the first lower molar (e.g. Beard et al., 1996; Gagnon, 1997; Kay, Johnson & Meldrum, 1998) , the volume of the femoral head (Cartelle & Hartwig, 1996; Kappelman et al., 1997) or the area of the orbit (Kordos & Begun, 2001 ). However, no single morphological variable shows a perfect correlation with body mass, because skeletal and dental morphology is not only related to body size but is also constrained by the phylogenetic legacy and ecological adaptations (Damuth, 1990; Janis, 1990b) . These factors reduce the correlation between any single morphological measure and body mass, and thus the precision and reliability of predictions derived from the use of such correlations, which becomes apparent in the large standard errors and wide confidence intervals usually obtained for the single regression equations.
Concerning the phylogenetic constraints, it is expected that taxonomically homogeneous groups of species (e.g. ungulate families) will show higher correlations between body mass and morphological measures than more heterogeneous clades (e.g. ungulate orders). However, when these algorithms are used for predicting the size of extinct ungulates, the regression functions obtained from a taxonomically restricted data set are applicable to fewer species than those derived from a taxonomically more diverse group, as these functions can only be applied with reliability to those species from the same taxonomic grouping used in their derivation. The reason is that those species from a taxonomically heterogeneous clade usually show numerous anatomical differences related to the phylogenetic legacy (i.e. lineage effects) and display a wide range of ecological adaptations. This translates into a greater morphological disparity than in the case of taxonomically homogeneous groups, which results in a weaker correlation between any single morphological variable and body mass.
More sophisticated studies combine mass estimates derived from a number of equations, based on several different anatomical structures (e.g. Walker et al., 1993; Flynn et al., 1995; Gebo et al., 1997; Fari˜na, Vizcaino & Bargo, 1998; Christiansen, 1999; Delson et al., 2000) . The seminal book edited by Damuth & MacFadden (1990) compiles more than a thousand regression functions, and also provides many interesting theoretical considerations on the estimation of mammalian body size. Most of these equations are logtransformed bivariate regression functions of body mass on craniodental and postcranial measures, derived using the least-squares method (as body mass was assumed, for these purposes, to be invariate), and many of them have been used by other paleontologists (e.g. Fari˜na et al., 1998) .
Because of the methodological limitations described above, the best estimate of body mass for extinct mammals is probably the arithmetic mean of the predictions obtained from several single regression equations (e.g. MacFadden, 1986; Gingerich, 1990; Anyonge, 1993; McCrossin, 1994; Viranta, 1994; Christiansen, 1999) , although the geometric mean may be more accurate in those cases in which some estimates are clear outliers (see Fari˜na et al., 1998; Christiansen & Fari˜na, 2003) . Given that any morphological feature is influenced by the phylogeny and/or by functional adaptations, the assumption of all these studies is that such bias is compensated for by using several independent measures. However, the estimation of body mass by averaging the predictions obtained with different single measures is not appropriate from a statistical point of view. Although the number of morphological variables involved is greater, much of the information they contain is redundant, whereas the complementary information contained in other variables is wasted. In fact, this methodology is mathematically equivalent to using a multiple regression. The latter procedure, however, rules out the redundant information, while exploiting the complementary information contained in morphological variables that would otherwise be dismissed because they correlate poorly with body mass alone. Therefore, multiple regression is probably the best methodology for using several measures in order to compensate for the influence of phylogeny or specific functional adaptations. In this way, multiple regression functions can be considered as mathematical algorithms (i.e. detailed sequences of actions performed to accomplish some task) that allow one to estimate the mass of past species (body mass determination algorithms).
In the book edited by Damuth & MacFadden (1990) , only two authors, Damuth (1990) and Jungers (1990) , propose algorithms generated through multiple regression analysis, although other researchers have explored its use (Anderson, Hall-Martin & Russell, 1985; Hammer & Foley, 1996; Biknevicius, 1999; Palmqvist, Arribas & Mart´ınez-Navarro, 1999; Palmqvist et al., 2002; Payseur et al., 1999) . However, the data sets used in these studies do not include a wide set of measures and species. In addition, in most cases the predictor variables were selected before the derivation of the regression functions, which did not take advantage of the abilities of this technique for selecting the best combination of variables.
In this paper we examine different strategies for minimizing the effects of the phylogenetic legacy and ecological adaptations on the correlation between the body mass of ungulates and their craniodental morphology, in order to obtain mathematical algorithms with the greatest predictive power for estimating the mass of extinct species. We predict that those species with a common phylogenetic legacy or that share similar ecological adaptations will show a greater morphological similarity to each other and that, when analyzed separately from other ungulates, their craniodental dimensions will show a higher correlation with body mass. With this in mind, the predictive ability of regression functions adjusted using a restricted taxonomic clade (e.g. bovids), or with species that share the same ecological adaptation (e.g. grazers), is tested against those functions derived from a more taxonomically or ecologically diverse group. Additionally, other factors such as the method of selection of variables and the relation between the number of variables involved in the regression functions to the number of species used for their derivation are also analyzed. Finally, taking into account the results of these tests, we develop a set of algorithms that use different combinations of craniodental variables for estimating the mass of ungulates and apply them to three extinct North American species whose feeding habits were inferred by Mendoza, Janis & Palmqvist (2002) : the equid Dinohippus leidyanus, the camelid Stenomylus hitchcocki and the dromomerycid Aletomeryx scotti. Dinohippus is a common late Miocene through early Pliocene ($11.5-3.2 Ma) monodactyl horse with a facial morphology and dentition that place it as the sister taxon to Equus (MacFadden, 1998) . This equid has usually been considered to be a grazer, because of its high degree of hypsodonty, but results obtained from dental microwear (Solounias & Semprebon, 2002) and carbon isotopes (MacFadden, Solounias & Cerling, 1999) have been interpreted as indicative of a mixed feeding or even a browsing diet. The discriminant functions derived in a comparative analysis of craniodental morphology in ungulates unequivocally classified D. leidyanus as a grazer, although this study also revealed that D. leidyanus probably incorporated more browse in its diet than extant horses . Stenomylus is a late Oligocene through early Miocene ($30.0-16.5 Ma) 'gazelle camel' with the lower incisors, canine and first premolar forming a row of closely spaced, spatulate teeth and third molars that are elongated anteroposteriorly and extremely hypsodont, features that have led some workers to consider it to be a grazer (Honey et al., 1998) . However, it also has a very narrow muzzle, and existed before the extensive spread of grasslands in North America; thus it would more likely be a mixed feeder, as indicated by discriminant analysis . Finally, Aletomeryx is an early Miocene ($23.5-16.5 Ma) genus of the cervid-related family Dromomerycidae, whose members are usually considered to be browsers. However, Aletomeryx is more hypsodont than other species in this family. In addition, it is the only species where horns are apparent in both sexes, which among modern ungulates is indicative of an open habitat existence, and its fairly long and slender metapodials are also suggestive of a preference for open habitats (Janis & Manning, 1998) . This is confirmed by the comparative study of the craniodental structure of A. scotti, which is typical of a mixed feeder . According to microwear and mesowear analyses of molar teeth, this species has been characterized as a mixed feeder/grazer (Semprebon, Janis & Solounias, 2004) .
Methods Data
Multiple regression analyses were performed using the logtransformed mass and 25 craniodental measures (Fig. 1 , Table 1 , Supplementary Material Appendix S1) of 138 ungulate species, representing all living ungulate genera. Dental variables included the lengths and widths of the fourth lower premolar and all lower molars, and of the upper second molar. Most skull measures taken were length variables, rather than width variables, owing to the difficulty in obtaining undistorted measurements on fossil skulls (see Janis, 1990a, b) . The average masses of ungulate species were obtained from Kingdon (1979) , Nowak (1999) and Janis (1995) .
In order to determine the predictive power of the regression functions over new species not used in their derivation, 20 test species were excluded from a preliminary set of analyses. The algorithms finally proposed for the estimation of the body mass of extinct ungulates were derived from the complete database.
Fourteen families of terrestrial ungulates are present in the original data set, although these families contain very different numbers of species. Bovids (72 species) and cervids Table 1 for a description of the variables).
(24 species) are over-represented, whereas families such as antilocaprids or moschids are under-represented. The family Antilocapridae includes only one species, Antilocapra americana, whereas the family Moschidae has several species, of which we have sampled only one, Moschus moschiferus. The 20 test species include six bovids, ranging in mass from 6 to 611 kg, two cervids and 12 species representing each of the remaining families. Because A. americana and M. moschiferus are two species of the 20 test species, the sample used to perform the preliminary analyses does not include species from these families. This allows testing the predictive power of the regression functions over ungulate species from families not represented in the sample used to obtain them.
Selection of variables
Multiple regression has often been applied following the direct method, which incorporates all the variables analyzed in the function. However, this procedure has several limitations. For a start, it is never a good strategy to include many variables, especially when the number of samples (i.e. species in our case) is not very large, and it is particularly inappropriate to use those variables that do not make a significant contribution to the correlation (Norusis, 1988) .
In fact, increasing the number of variables (V) artificially increases the percentage of variance explained, because the determination coefficient (R 2 ) expected from a set of random numbers is V/(NÀ1) (Darlington, 1990) . Thus, an increase of the variance explained is not always translated to an improvement of the resulting algorithm. On the other hand, the samples do not contribute equally in the determination of the multiple regression functions, because different subsets of a taxonomically homogeneous species (e.g. subspecies or even individuals of different sexes) may operate, to a certain extent, as a single sample. In such cases, increasing the number of species entails a spurious improvement of the correlation, and the assumptions on phylogenetic independence are violated (Cheverud, Dow & Leutenegger, 1985; Felsenstein, 1985; Harvey & Pagel, 1991; Garland & Ives, 2000) . In any case, given that even different species may not represent independent samples of a statistical distribution because of their phylogenetic interrelationships (see Felsenstein, 1985; Harvey & Pagel, 1991) , statistical analysis, sensu stricto, cannot be performed. Thus, statistical probabilities and confidence intervals must be considered with a degree of scepticism in such studies. In this paper, the accuracy of the resulting functions is evaluated directly from their predictive power over the Table 1 Description of craniodental variables used in this study Craniodental variables LMRL: lower molar tooth row length, measured along the base of the teeth LPRL: lower premolar tooth row length, measured along the base of the teeth FLPL: fourth lower premolar length, measured at the occlusal surface as the maximum labial excursion of the tooth FLPW: fourth lower premolar width, measured at the occlusal surface of the tooth, between the outer surfaces of the protoconid and the metaconid PLML: first lower molar length, measured at the occlusal surface as the maximum labial excursion of the tooth PLMW: first lower molar width, measured at the occlusal surface of the tooth, between the outer surfaces of the protoconid and the metaconid SLML: second lower molar length, measured at the occlusal surface as the maximum labial excursion of the tooth SLMW: second lower molar width, measured at the occlusal surface of the tooth, between the outer surfaces of the protoconid and the metaconid TLML: third lower molar length, measured at the occlusal surface as the maximum labial excursion of the tooth TLMW: third lower molar width, measured at the occlusal surface of the tooth, between the outer surfaces of the protoconid and the metaconid SUML: second upper molar length, measured at the occlusal surface as the maximum labial excursion of the tooth SUMW: second upper molar width, measured at the occlusal surface of the tooth, between the outer surfaces of the protocone and the paracone JLB: anterior jaw length, measured from the base of the first incisor to the premolar/molar boundary JMA: posterior jaw length, measured as the horizontal distance from the back of the jaw condyle to the posterior border of the third molar JMB: depth of mandibular angle, measured from the top of the jaw condyle to the deepest point of the mandibular angle JMC: maximum width of the mandibular angle, measured from the junction of the posterior part of the third molar with the jaw to the maximally distant point on the angle of the jaw JD: length of the coronoid process, measured as the vertical distance from the base of the jaw condyle to the tip of the coronoid process SA: length of the ridge for the masseteric attachment, measured from the posterior portion of the jaw glenoid to the most anterior extent of the scar for the origin of the masseter muscle (which is broadly measured by a combination of JMB and JMC) SB: occipital height, measured from the base of the foramen magnum to the top of the occipital region20 test species, using the mean per cent prediction error (%PE) of mass estimates after transformation to nonlogarithmic data [%PE = (predicted mass-observed mass)/ observed mass Â 100] as an inverse estimate of their predictive power.
In order to minimize the effects of phylogeny, it is important to maximize the taxonomic diversity of the sample in terms of the number of groups (i.e. ungulate families) analyzed and the evenness of their representation. Although the number of taxonomic groups is limited by the sample available, their taxonomic evenness can be statistically adjusted. The species of those subgroups under-represented in the sample can be weighted with respect to the ones that are more represented, keeping the total number of samples constant. To adjust the evenness at the family level, for example, the weighting value of each species belonging to a given family must equal the mean number of species per family (number of species/number of families) divided by the number of species belonging to this family. In this way, the final weight of each family in the analysis is the same. However, such weighting could be considered as a violation of the assumptions of phylogenetic independence, as those species from the less diverse families are over-weighted. However, given that confidence intervals and other statistics of the regression functions are not directly applied to the predictions for extinct ungulates, weighting the species does not invalidate the results obtained. In fact, the differential weighting of the taxonomic groups is another of the factors analyzed in this paper.
Because a great amount of the information contained in the predictor variables is redundant, different combinations of these morphological variables can characterize the body size of a given group of species. Thus, given that the multiple regression function will not include all morphological variables but different combinations of them, the aim of this study is to find the best combinations for predicting body mass. This is not a simple problem, as it concerns not only mathematicians but also scientists from other disciplines (e.g. Darlington, 1990; Draper & Smith, 1998; Maxwell, 2000) . In fact, there is no unique solution for finding the best combination of predictor variables, apart from testing all of them, which is usually not practicable given that for n variables the number of possible combinations is 2 nÀ1 . The program SPSS offers different possibilities for selecting the variables, but only two of them are tested here: the backward and stepwise methods. The stepwise procedure seems, a priori, the one of most obvious use, as it selects the independent variable best correlated with body mass and, after incorporating it within the regression function, searches among the others for the variable that accounts for more variance of the independent variable not explained by others previously included in the function. In this way, the variable included at each step is the one that shows a lowest P value (p in ) or F probability (i.e. conditional probability of a random relationship between the dependent and predictor variables). After the inclusion of each new variable in the regression function, the P values of the variables already included change. When one of them exceeds a limit established previously (p out or F probability for being excluded), this variable is eliminated from the function. The process stops when no variable can be added or eliminated, because none of the variables included in the function exceed the p out value and all variables that were not included exceed the p in value. In contrast, the backward method begins by incorporating all the variables in the regression function and then excludes at each step the one with a highest p out value. The process stops when no included variable exceeds the p out value established before analysis. Frequently two or more variables correlate jointly with body mass, but only when one of them is included in the function the others become significant. In such cases, only the backward method can identify these sets of variables.
Organization of the analyses
Three sets of analyses were performed for statistical testing. The first was carried out without taxonomic or ecological restrictions, using the 138 species from the database (118 species for deriving the preliminary functions and 20 for testing their predictive power). Regression functions were obtained both by unweighted data and by weighting the species according to diversity at the family level. These analyses were also performed by limiting the morphological variables to different parts of the craniodental structure, such as the jaw, the skull or the lower teeth. The second set of analyses was performed with taxonomic restrictions, using the 72 bovid species (66 species for determining the functions and six for testing them) and also the same number of ungulate species selected randomly. Finally, the third set of analyses was made from species that share the same feeding adaptations, one subset with grazers and the other with browsers. The grazing category (bulk feeders) includes those species that predominantly feed on grass throughout the year whereas the browsing category (selective feeders) groups those ungulates whose food is mainly composed of leaves. Both groups are defined as different from mixed feeders, which feed on both grass and dicotyledonous plants, depending on their availability. Although there are some species whose feeding classification is not unequivocal, it is presumed that the diversity of feeding strategies and craniodental morphologies in both sets of species (i.e. grazers and browsers) will be lower than in the whole set of ungulates. This allows analyzing the effects of a decrease in the feeding diversity of ungulates on the resulting regression functions.
Each set of analyses entails the application of the functions obtained using the backward and stepwise methods for selection of variables to the test species. The analyses performed with the backward method were carried out using extremely low p out values, which ended with the rejection of all variables. These analyses were performed for evaluating which variables characterize the regression functions with the highest predictive power. All functions, from the first one (that includes the 25 morphological variables) to the last one (that involves only one variable), were applied to the 20 test species, which provided estimates of the mean per cent prediction error (MPE) of each function with species not used in their derivation. This protocol allowed us to identify which factors determine the predictive power of those algorithms generated by multiple regression analysis between body mass and craniodental measures.
Algorithms proposed and inferences on extinct taxa
The information resulting from the test analyses was taken into account for obtaining the definitive regression functions with all the species available. These functions allowed the estimation of the body mass of the three extinct ungulate species, D. leidyanus, S. hitchcocki and A. scotti. However, as the specimen of A. scotti used in this work lacks the upper molar teeth, some algorithms that involve morphological variables measured in these teeth could not be applied to this species.
Results and discussion
Factors that determine the predictive power of the algorithms
Analysis of the methods for selection of variables and effects of species weighting
An initial analysis was carried out without taxonomic or ecological restrictions using the backward method and weighting the species by families. During the sequence of exclusion of variables, a gradual increase is observed in the predictive power of the functions (denoted by a decrease of MPE) from the one with 18 variables to the best equation, which involves only six variables (black circles, Fig. 2 ). At this stage, there is a clear relationship between the MPE value of each function and the significance of the variables involved. For example, the function with 18 variables has MPE of $13.5%, involving seven non-significant variables (P40.05). However, the function with 12 variables (MPE $7.5%) incorporates only one non-significant variable, and all the variables within the function with 10 variables (MPE $6.5%) are statistically significant (Po0.05). In the best function, with six variables (MPE $4.5%), all of them are very significant (Po0.001). From that point onwards, however, these very significant variables are gradually removed, the value adjusted for R 2 falls (black dots, Fig. 2 ) and the mean prediction error increases dramaticallly to 30% (Fig. 2) .
The regression functions that incorporate between 25 and 11 variables explain a high percentage of variance of body mass, but they all involve several non-significant variables, whose contribution to the correlation is probably random. The functions that involve fewer than five variables, however, incorporate only very significant variables but explain a considerable lower variance of body mass, as estimated by their low R 2 values (black dots, Fig. 2) . Thus, the functions that show the highest predictive power include from 10 to five variables, all of them statistically significant (Po0.05), and they explain the highest percentages of variance. These functions, which change according to the specific analysis and are expected to show the highest predictive power, will be identified in what follows as backward significant range.
The precision of the mass estimates obtained when these regression functions are applied over the two test species whose families are not represented in the sample (antilocaprids and moschids) is similar to the one recorded for the rest of the species. This confirms the predictive power of these algorithms. However, the highest predictive ability for these test species is obtained by other functions of the backward significant range. The best results are obtained with those functions involving seven and nine variables (empty circles, Fig. 2) , instead of the function with six variables. However, given that these are only two test species, these results are more probably affected by their particular craniodental features.
Weighting the families according to their diversity improves the predictive abilities of the resultant functions. Specifically, the best function adjusted with unweighted species shows an MPE value of 6.6% (gray circles, Fig. 2 ), whereas the best algorithm obtained with weighting the species gives an MPE value of only 4.5% (filled circles, Fig. 2 ). In addition, the weighting procedure provides a wider range of functions showing high predictive power: that is, a wider backward significant range.
As was expected, the same analyses performed with morphological variables from different parts of the craniodental structure, such as the jaw, the skull or the lower teeth, always resulted in a lower predictive power for the particular regression function derived. The best function obtained by %MPE with the 20 test species; empty circles: %MPE with the two test species from families not represented in the sample) and change of the adjusted Rthe backward method with jaw and dental measures provided an MPE value of $13.5%, which rises to $21% if only jaw measures are taken into account. Using only skull variables, including the dimensions of the second upper molar, an MPE value of $13.5% was obtained. However, when upper tooth measures were not included, the predictive power decreased to $17.5%. Finally, analyses performed with only measures of the lower teeth resulted in algorithms with the least predictive power, as MPE represented $21%. In all these cases, the best results were also obtained by the backward significant range of functions. Taking into account the results obtained by the backward method, the analyses performed by the stepwise procedure were carried out weighting the species according to family diversity and using values of p in and p out that allow the direct derivation of a function whose variables are very significant (Po0.01). The resultant function, in this case, was the same as the best function generated using the backward method. The first function obtained throughout the process of analysis by the stepwise method (MPE of $22.5%) involves only the variable best correlated with body mass (the second upper molar width) and shows lower prediction ability than all the functions of the backward significant range. Thus, the use of multiple regression represents an evident methodological improvement with respect to simple regression approaches. However, very similar results (MPE of $23%) were obtained with those functions involving a high number of non-significant variables for the two test species whose families are not represented in the sample (empty circles, Fig. 2 ), in spite of the fact that the percentage of variance explained by these functions is almost 100%.
Analysis of the taxonomic restriction and effects of decreasing the number of species
The first subset of these analyses was again performed with the 72 bovid species available and using the backward method for selection of variables; 66 species were used in the derivation of the functions and six for testing them. Throughout the process of elimination of variables (gray circles, Fig. 3 ), the increase in predictive power started this time with seven variables (MPE of $14%) and finished with the best function, which involved only three variables (MPE $9%), although the function that incorporated two variables shows a similar predictive power (MPE of $9.5%). In this case, there was also a close relationship between the mean per cent prediction error of the resultant functions and the significance of the variables involved in them. The first function that only incorporates significant variables (Po0.05) selected four morphological measures, and in the one with two variables both of them are very significant (Po0.01). The adjusted R 2 value falls with the function that involves only one variable (MPE of $40.5%). Thus, the backward significant range involves only three functions in this case, whose percentages of variance explained are lower than the highest values reached throughout the analysis (black dots, Fig. 3 ). The analyses performed using the stepwise method resulted in the same function as the one generated from the backward method involving two variables. These analyses were also performed weighting the species according to the diversity of their tribes, but this did not improve the results obtained.
Contrary to expectations, the taxonomic restriction of the multiple regression analysis to bovid species did not improve the predictive abilities of the resultant algorithms in comparison with the predictions for bovids obtained using those functions adjusted with all ungulate species. In fact, the ability of these algorithms even decreases (MPE of $3.5% for the best function for ungulates against MPE of $9% for bovids; white and gray circles, Fig. 3) .
In order to test how the reduction in the number of species translates into a decrease of the predictive power of the regression functions, a second subset of analyses was performed without taxonomic restrictions and using 66 ungulate species randomly selected from the database. As shown in Fig. 3 , increasing the taxonomic diversity while keeping the sample size constant improves the predictive power of the resultant functions. However, an important part of the reduction of predictive ability in those functions derived from bovids alone seems to be the consequence of the reduction of sample size. Thus, both factors, diversity and sample size, appear to be important for increasing the predictive abilities of the regression functions. In this case, the best function (MPE of $7%) involves seven variables instead of only two or three, and this is also the case for the best function generated using only bovids (MPE of $9% and 9.5%, respectively; black and gray circles in Fig. 3 ).
Analysis of ecological restrictions
Again, contrary to expectations, the ecological restriction to grazing or browsing species did not improve the predictive power of the algorithms. The best regression function of those obtained for grazers (26 species) with the backward method shows an MPE value of $29.5% with the three grazing species used as test samples. These results improve up to an MPE value of $24% with the best function obtained using the stepwise method, and increase to $22% MPE if the species are weighted by families. These functions involve two variables in the three cases. In any case, all these values are far from the MPE of $3% obtained for the same three grazing species used as test samples with the best function of those obtained without ecological or taxonomic restrictions.
The best function of those derived for browsers (37 species) with the backward method and weighting the species according to the diversity at the family level shows an MPE of $16.5% when applied to three test browsing species. The improvement with respect to the functions obtained with grazers could be due to the higher number of species and taxonomic diversity of browsers. While 17 out of 26 grazers are bovids, seven are equids, one is a rhino and another one is a suoid, among the browsers there are nine families with different number of species. In spite of this, the predictive ability of these functions is also clearly lower than the one of those obtained without ecological and taxonomic restrictions, among which the best shows an MPE of $4% with the same three browsing species used as test samples.
Proposed body mass algorithms
The algorithms proposed for the estimation of body mass in ungulates are listed in Table 2 . These multiple regression functions are classified according to the group of craniodental variables used for their derivation. The range of mean per cent prediction errors (%MPE) for the backward significant range of regression functions recorded in the test analyses is also shown. The algorithms were obtained using all of the 138 ungulate species available. According to the expectations from the results obtained in the test analyses, the increase in sample size and diversity translates into a higher predictive power of the regression functions, although such predictive power cannot be tested directly now. The preliminary results obtained with the test analyses were taken into account for developing the definitive set of algorithms, and the complete data set was used without any taxonomic and ecological restrictions. In addition, the taxonomic evenness was maximized to the family level. Finally, the stepwise and backward methods of selection of variables were used, although most of these algorithms were obtained using the latter method. Before applying the backward method, a check analysis was performed using an extremely low p out value, in order to appreciate the changing values of the statistical significance of the variables incorporated into the regression functions and the changes in the value adjusted for R 2 . Only those functions from the backward significant range that include very significant variables and explain the highest values of variance were selected. The stepwise method was performed using values of p in and p out that led to the direct derivation of a function whose variables are very significant (Po0.01). Only those functions obtained with the stepwise method that were different from the ones generated by the backward method and that showed similar values of variance explained were selected; they are marked in Table 2 with an asterisk. Given that the algorithms included in Table 2 were obtained from the same database and weighting the species according to the diversity at family level, their adjusted R 2 values (also included in Table 2 ) are fully comparable (see Methods).
Inferences about extinct taxa
According to the results obtained in the test analyses, those algorithms derived from the full craniodental structure provide the most consistent estimates of body size for extinct taxa. According to these algorithms, the mass of the late Miocene equid D. leidyanus was around 200 kg and the masses of both the late Oligocene to early Miocene camelid S. hitchcocki and the early Miocene dromomerycid A. scotti approached 30 kg (Table 2 ).
Discussion
The main methodological conclusion of this article is that multiple regression techniques represent a clear improvement over single regression methods in the derivation of algorithms that allow the estimation of body mass in extinct ungulates from their craniodental structure. The predictive power of the best function that combines craniodental measures (MPE of $4.5%) is five times higher than the one obtained with the single variable (the second upper molar width) that shows the best correlation with body mass (MPE of $22.5%).
Given the information available (i.e. the set of ungulate species and morphological variables), the functions with highest predictive power are those that incorporate only significant predictor variables (Po0.05) and explain a relatively high value of the variance of the dependent variable (body mass).
Contrary to the expectations, limiting the data set used in the adjustment of the multiple regression functions to a taxonomically or ecologically homogeneous group does not improve the predictive ability of the resulting algorithms; rather, the predictive power of these equations decreases. In the case of those functions obtained by simple regression, an increase in the morphological diversity translates in the obtaining of larger standard errors, which in turn results in equations with lower predictive power. Using the multiple regression approach, however, the highest predictive power is obtained with those algorithms derived from the entire set of ungulate species, a procedure that maximizes the taxonomical and ecological diversity of the database. This indicates that, contrary to the simple regression method, the diversity of the sample analyzed is a key factor for obtaining reliable algorithms with multiple regression techniques. However, the higher the diversity of the sample studied, the higher the number of variables involved in those functions showing 
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Body mass estimation in ungulates M. Mendoza, C. M. Janis and P. Palmqvist , coefficient of determination adjusted to the number of variables. Equations are of the form log(mass in kg) = b 1 (log X more predictive power. In a diverse ungulate sample, such as the one used in this study, phylogenetic and adaptive factors pose severe constraints on the variability of craniodental morphology; in such a case, it is expected that a large number of variables will be necessary for compensating these biases. Any algorithm that allows the characterization of the mass of mammalian species provides useful information about the functional relationship between aspects of skeletal morphology and body size. If sample size and the number of predictor variables are both increased, the amount of information available about these relationships will be greater. This may be the reason why the diversity and morphological disparity of the data set of ungulate species analyzed here are fundamental factors for obtaining reliable algorithms.
The diversity of a given set of species can be maximized by increasing the taxonomic evenness at family level by the differential weighting of those species belonging to ungulate families with low diversity, which in turn increases the predictive ability of the resulting algorithms. The predictive power of the best function obtained from the complete set of craniodental variables and weighting the species according to the diversity at family level (MPE of $4.5%) is only 1.5 times greater than the best obtained with an unweighted adjustment (MPE of $6.6%), but the backward significant range of functions with higher predictive power is noticeably broader.
The different components of the craniodental structure of ungulates show different predictive abilities for deriving algorithms that provide inferences on the body mass of extinct ungulates. As was expected, the range of %MPE of the backward significant range of functions is minimum (4.5-7.5%) using the full craniodental structure. Using variables from the jaw and lower teeth only, this range increases to 13.5-15%, and with only variables from the jaw the range rises to 21-25%. Using variables from the skull and the second upper molar, the mean per cent prediction errors of the backward significant range of functions range from 13.5 to 17.5%, but this error increases to 17.5-21.5% if the second molar is not used. Finally, using only the lower tooth measurements as variables, the MPE range varies from 21 to 23%.
The body mass inferences are around 200 kg for D. leidyanus and around 30 kg for both S. hitchcocki and A. scotti. These results are similar to the average masses estimated by Janis (1990a,b) from simple regressions adjusted with the same database used here and compare well with the mass estimates obtained by Scott (1990) In the few cases in which a complete skeleton is available for a given extinct species and a reliable estimate of the total volume of the animal may be calculated, the mass estimates obtained from multiple regression equations can be compared with the ones provided by other approaches, such as scale models of life appearance restorations or the method of cylinders (e.g. Fari˜na et al., 1998) . The main problem with these approaches is the lack of any external reference to know which methodology provides the most reliable estimates of body mass. In the approach developed here, however, there is always the possibility to compare the mass predictions of the multiple regression equations over extant species not used in their adjustment with the actual masses of these test species; of course, this is an indirect way for contrasting the inferences on extinct species.
Given that the three extinct species analyzed in this work belong to taxonomic groups that are included in the sample of ungulate species used to perform the statistical analyses, it is expected that the prediction errors for these species will fall within the same range of the ones obtained with the test species. These prediction errors could even be lower, given that the estimates were obtained with the definite algorithms, which were generated with 20 species more than in the case of the preliminary regression functions adjusted for checking the mass estimates for the 20 test species.
According to the values of body mass of extant ungulate species provided by different authors, the range of values that can be deduced from the best algorithms do not depart significantly from the intraspecific body mass ranges. Thus, the only way to enhance the results obtained with this methodology is to use measures and body mass values from individuals instead of species averages (provided a sample with similar number of species and taxonomic diversity).
Appendix S1. Ungulate species, family, body mass (BM, in kg) and 25 craniodental measurements (in cm) used in this study (see description in Table 1 and Fig. 1) . Asterisks indicate extinct species. 
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